As the world urbanizes and builds more infrastructure, the extraction of built-up areas using remote sensing is crucial for monitoring land cover changes and understanding urban environments. Previous studies have proposed a variety of methods for mapping regional and global built-up areas. However, most of these methods rely on manual selection of training samples and classification thresholds, leading to low extraction efficiency. Furthermore, thematic accuracy is limited by interference from other land cover types like bare land, which hinder accurate and timely extraction and monitoring of dynamic changes in built-up areas. This study proposes a new method to map built-up areas by combining VIIRS (Visible Infrared Imaging Radiometer Suite) nighttime lights (NTL) data and Landsat-8 multispectral imagery. First, an adaptive NTL threshold was established, vegetation and water masks were superimposed, and built-up training samples were automatically acquired. Second, the training samples were employed to perform supervised classification of Landsat-8 data before deriving the preliminary built-up areas. Third, VIIRS NTL data were used to obtain the built-up target areas, which were superimposed onto the built-up preliminary classification results to obtain the built-up area fine classification results. Four major metropolitan areas in Eurasia formed the study areas, and the high spatial resolution (20 m) built-up area product High Resolution Layer Imperviousness Degree (HRL IMD) 2015 served as the reference data. The results indicate that our method can accurately and automatically acquire built-up training samples and adaptive thresholds, allowing for accurate estimates of the spatial distribution of built-up areas. With an overall accuracy exceeding 94.7%, our method exceeded accuracy levels of the FROM-GLC and GUL built-up area products and the PII built-up index. The accuracy and efficiency of our proposed method have significant potential for global built-up area mapping and dynamic change monitoring.
Introduction
Although built-up areas account for less than 1% of the Earth's surface area, the vast majority of human activities worldwide take place within them [1] . Owing to the rapid rate of global urbanization, in recent decades, built-up areas have quickly replaced natural land cover and become a fundamental land cover type [2, 3] . While these areas provide living spaces and homes for people, they also have a significant impact on the sustainable development of resources and the environment [4] [5] [6] . For example, built-up area expansion can threaten biodiversity [6, 7] , accelerate the urban heat island nevertheless requires complex multi-source data (such as surface temperature, population, and gross domestic product data) [35] . While these multi-source data are able to provide additional useful information, high-resolution data that meet all of the requirements for mapping built-up areas are difficult to obtain in some areas. This limits the feasibility of such methods in global and regional areas. Moreover, the optimal threshold varies with the scale of the built-up areas, and using a single threshold may not capture the distribution of built-up areas in different regions [31, 36] . As a result, adaptive thresholding fitting that can work for a diverse range of regions is required.
To address these problems, we propose an automatic built-up area extraction method that integrates VIIRS nighttime lights data and Landsat-8 imagery. First, we acquired built-up training samples automatically by establishing adaptive thresholding. Second, the training samples were used for supervised classification to obtain preliminary built-up areas. Third, the built-up target areas derived by VIIRS nighttime lights data were overlaid with preliminary classification results to obtain the fine built-up areas. The results of the proposed method can eliminate the confusion between built-up areas and bare land, thereby improving the accuracy of built-up area extraction. Table 1 . Global and regional high-resolution built-up area products. 
Materials and Methods

Study Areas
Four major metropolitan areas in Eurasia were selected as study areas: Paris, France; Ankara, Turkey; Madrid, Spain; and Lisbon, Portugal (Figure 1 ). According to the global urban ecoregion scheme developed by Schneider, et al. [1] , these four study areas are located within urban ecological divisions with varying climates, vegetation distributions, urban topology, and levels of economic development. The choice of these four divergent areas therefore allows us to test our method with different built-up area distribution characteristics and to demonstrate our method's potential for global mapping of built-up areas. 
Data
We used 30-m Landsat-8 multispectral imagery (Table 2 ) and 750 m annual stable VIIRS nighttime lights data from 2015 for the selected study areas as input data ( Figure 2 ). Landsat-8 imagery has been widely applied in built-up area extraction as well as in dynamic change analysis [43] . Although the Landsat-8 Surface Reflectance product can be freely downloaded, due to its limited band numbers and spatial coverage [44] , we chose to use the Landsat-8 Level-1 product in our study. We also chose to use cloud-free Landsat-8 images for a single day within a year rather than image composites from different dates in order to avoid any issues caused by changes to built-up areas over time. We performed radiation correction on Landsat-8 images and converted the digital number (DN) values into the top of atmosphere reflectance [45] , which is regularly used for information extraction from remotely-sensed data [11, 23] . The VIIRS nighttime lights data are collected by NASA/NOAA's Suomi National Polar-orbiting Partnership satellite. The VIIRS nighttime lights data are more closely related to human activities than other types of data, which are able to provide key information to accurately identify built-up areas and to eliminate the interference of bare land. Compared with the DMSP-OLS nighttime lights data, the spatial resolution of VIIRS nighttime lights data is 3.6 times greater while the radiometric resolution is approximately 256 times finer, which allows weaker surface radiation to be detected [46] . Whereas DMSP-OLS data are reported in relative values measured as digital numbers (DN) on a scale of 0-63, VIIRS data capture absolute radiance measured as nanoWatts/(cm 2 ·sr). VIIRS nighttime lights data thus have nearly no saturation of pixels, while the blooming ("overglow") effect is also significantly reduced [47, 48] . We used the 2015 Annual Version 1 VIIRS Day/Night Band Nighttime Lights composite in which ephemeral lights such as aurora and fire are eliminated [49] . To maintain a spatial resolution consistent with the Landsat-8 imagery, we resampled the VIIRS nighttime lights data to 30 m.
The High-Resolution Layer Imperviousness Degree (HRL IMD) 2015 dataset was employed as reference data (Table 1 ). This dataset produced by the European Environment Agency integrates imagery from SPOT-5 (10 m), ResourceSat-2 (23.5 m), and Landsat-8 (30 m). HRL IMD 2015 contains built-up and non-built-up areas in which the degree of imperviousness ranges from 0-100 in Europe as of 2015, with a spatial resolution of 20 m achieved using supervised classification and extensive manual post-processing [39] . HRL IMD 2015 is currently known to have the highest accuracy and greatest coverage among the high-resolution built-up area products available for 2015 [50] , meaning that it is suitable for verifying the accuracy of 30 m built-up area extraction results. In our study, we resampled the HRL IMD 2015 to 30 m for consistency with the Landsat-8 imagery. We extracted the areas where imperviousness degree ranges between 1 to 100 as built-up areas, and the areas where degree equals 0 as non-built-up areas. This turned the reference data into binary images ("built-up areas" and "non-built-up areas" classes) for further accuracy assessment.
Automatic Selection of Built-Up Training Samples
We used VIIRS nighttime lights and Landsat-8 multispectral images to automatically acquire high-quality (i.e. precise and diverse) built-up training samples. "High-quality" means that the built-up training samples should not contain other land cover types such as water or vegetation and should cover diverse urban, suburban, and rural built-up areas. Because nighttime lights data have been shown to be correlated with human activities, built-up areas typically have higher nighttime lights values while non-built-up areas have lower or zero values [46] . Our method generated non-built-up training samples by identifying VIIRS nighttime lights areas in which the DN value equals 0 (Table S1 ). Potential built-up training samples were produced automatically using high thresholds of VIIRS nighttime lights determined based on the Jenks natural breaks algorithm. This algorithm iteratively adjusts class intervals to maximize the variance between classes whilst minimizing the variance within each one [51] [52] [53] . The Jenks natural breaks algorithm is derived as:
where n is the number of data points, k is the number of clusters, and dist c j+1 , c j computes the Euclidean distance between point d i and its closest cluster center c j . The dist c j+1 , c j computes the Euclidean distance between cluster centers c j and c j+1 . After testing a range of class intervals of VIIRS nighttime lights data in different regions, we determined that the most accurate potential built-up training samples across various areas were obtained when five classes were used. Therefore, using Jenks natural breaks algorithm, our method classified the VIIRS nighttime lights data into five classes according to the ascending order of the DN values ( Figure S1 ), thus generating four adaptive classification thresholds. The first class of nighttime lights data had the lowest DN values indicating lower levels of human activity; these were mainly non-built-up areas. The second and third classes included suburban and rural areas. The fourth and fifth classes included areas with high levels of human activity, namely urban areas. Places with the most built features such as central business districts and airports fell into the fifth class, representing the highest DN values. We selected the fourth threshold as the high threshold, meaning that pixels within the fifth class were selected to generate potential built-up training samples (Table S1 ).
Owing to the relatively low spatial resolution of VIIRS nighttime lights data compared with Landsat-8 imagery, the potential built-up training samples generated using VIIRS nighttime lights data still contained non-built-up areas such as water and vegetation [31] . This poses a problem to accurate built-up area extraction. We thus used the Modified Normalized Difference Water Index (MNDWI) [54] and Normalized Difference Vegetation Index (NDVI) [55] to generate water masks and vegetation masks, respectively, in Landsat-8 imagery, thereby removing non-built-up areas from potential built-up training samples. The optimal thresholds for the water and vegetation masks were determined using the Otsu algorithm [56] . Representing a simplification of the Jenks natural breaks algorithm when k = 2 in Equation (1), Otsu algorithm acquires adaptive thresholds of binary classification.
Built-Up Area Preliminary Classification
We classified Landsat-8 multispectral images using high-quality training samples in order to obtain preliminary results for built-up areas. Landsat-8 bands 1-7 were used as input data for supervised classification. We used support vector machine (SVM) as a classifier for training Landsat-8 images. SVM is an efficient machine-learning classifier that has been widely used in remotely-sensed image classification, particularly for deriving land cover information [57] [58] [59] . The basic principle of SVM is to differentiate between two classes by finding an optimal separating hyperplane [41] , which is suitable for binary image classification. Some studies show that SVM performs better than other classifiers such as random forest in remotely-sensed imagery classification [57, 58] . In this study, SVM distinguished between built-up and non-built-up areas according to the spectral differences of different land cover types and subsequently derived preliminary classification results for built-up areas. However, owing to the similarity of spectral characteristics between built-up areas and bare land, bare land may occasionally be misclassified as built-up areas in preliminary classification results [16, 60, 61] . Therefore, the built-up area preliminary classification results needed to be further optimized through a process explained in the following subsection.
Fine Classification of Built-Up Areas
In this study, we enhanced our preliminary classification results by refining the built-up target areas created by VIIRS nighttime lights data in order to obtain fine built-up area results. The built-up target areas were those with human activities where levels of bare land were low to eliminate the interference of bare land. These areas also contained a mix of urban, suburban, and rural built-up areas. Similar to the process of acquiring high thresholds for potential built-up training samples described above, we used the Jenks natural breaks algorithm to automatically obtain medium thresholds of which the DN values are between the "high thresholds" and "DN = 0" and to determine the built-up target areas. The first threshold for segmenting the VIIRS nighttime lights data was selected as the medium threshold (Figure 2) , meaning that pixels falling in the second through fifth classes were selected to derive refined built-up target areas. To eliminate the interference of bare land, the built-up target areas should be further overlaid onto our preliminary built-up area results to obtain refined classification of built-up areas. We implemented our method for mapping built-up areas using Python and uploaded the code to GitHub [62] .
Accuracy Assessment
To evaluate our built-up area extraction method, we cross-compared the fine built-up area results against the HRL IMD 2015 reference data. We also verified the classification results of our method against one separate built-up index and two built-up area products: The Perpendicular Impervious Index (PII) [63] , which Liu et al. [64] reports performs the best out of all the built-up indices, and the 2015 versions of FROM-GLC and GUL (Table 1) . For PII, optimal thresholds were obtained from the Otsu algorithm to generate built-up area masks. While FROM-GLC is a land cover dataset, and it has a category of built-up areas. We used the classification results from this category to generate a FROM-GLC built-up area product. The compared products as well as HRL IMD 2015 are binary images based on pixels; therefore, there are four possibilities for each of the pixels: true positive (TP), true negative (TN), false positive (FP), and false negative (FN). TP and TN represent binary image pixels that are correctly classified into built-up or non-built-up areas, respectively; FP denotes non-built-up area pixels that are mistakenly determined as built-up areas, and FN denotes built-up area pixels that are mistakenly classified as non-built-up areas. Based on these four possibilities, pixel by pixel, we then calculated the overall accuracy (OA = (TP + TN) / pixel counts), producer's accuracy (PA = TP / (TP + FN)), user's accuracy (UA = TP / (TP + FP)), and kappa coefficient to evaluate our method's performance.
Results
In the four study areas located across different urban ecoregions, our method can effectively exploit the advantages of the VIIRS nighttime lights and Landsat-8 imagery and accurately derive built-up areas (Figure 3) . The results matched closely to the reference data. Both urban areas (~191.3-1003.5 km 2 ) and small residential areas (~0.5 km 2 ) were successfully identified. Through coupling VIIRS nighttime lights and Landsat-8 imagery, our method not only discerned the details of the built-up areas, but also avoided the confusion between built-up areas and bare land. For example, it avoided green space in the city center in study area 4 and bare land around urban outskirts in study areas 1-3 ( Figure 3 ). We visually compared our results against the built-up area products from the same period and the PII (Figure 4 ). In the four study areas, both our method and FROM-GLC could accurately extract the built-up areas, and the results in urban areas were consistent with the reference data. [63] . Finally, we also included the results generated by using only the VIIRS nighttime lights data segmented using the medium threshold. Owing to the relatively low spatial resolution (750 m) of VIIRS nighttime lights data compared to Landsat-8 imagery, this method could only derive the approximate boundaries of built-up areas, which limited the display of detailed information. The accuracy of our method exceeded that of the FROM-GLC, GUL and the PII in Study Areas 1 (Paris), 3 (Madrid), and 4 (Lisbon), with overall accuracies of 94.8%, 94.7%, and 96.4%, respectively ( Figure 5 ). This means that our mapping results matched more closely to the reference data compared to FROM-GLC, GUL and PII. In Study Area 2 (Ankara), the overall accuracy of our method (95.0%) was slightly lower than that of FROM-GLC (96.7 %), but still higher than that of GUL (92.2%), PII (33.9%), and the results obtained using only VIIRS nighttime lights data (91.8%). The kappa coefficients of our method in the four study areas ranged from 0.58-0.95, which were higher than those of GUL, PII, and VIIRS nighttime lights. In Study Areas 2 (Ankara) and 3 (Madrid), the kappa coefficients (0.59 and 0.58, respectively) obtained by our method were slightly lower than those generated by FROM-GLC (0.62 and 0.59, respectively). The reason for low kappa coefficients in Study Areas 2 (Ankara) and 3 (Madrid) was that our method extracted more built-up areas in urban outskirts than the reference data. Although the producer's accuracy of our method was lower than that of built-up area products in the four study areas, the user's accuracy was higher, indicating that our method extracted more accurate built-up areas. The relatively low producer's accuracy of our method owed to the fact that some road networks and small residential areas in rural areas were underestimated because the built-up target areas generated by the low-resolution 750m VIIRS nighttime lights data could not fully capture them. However, based on the four accuracy indicators, our method successfully balanced omission and commission accuracies to derive comprehensive and highly-precise built-up areas. Next, we selected six sites in the four study areas to present detailed extraction results ( Figure 6 ). Although the results derived by our method and FROM-GLC were both accurate, our method outperformed FROM-GLC in eliminating interference from bare land (Sites 1 and 2) . In contrast, our method experienced limitations in road extraction, and the results were slightly poorer than those of FROM-GLC (Site 6). GUL provided good delineation of built-up areas in Sites 5 and 6; however, it overestimated built-up areas in Sites 1 and 2 (where built-up areas were mixed with bare land), showing similarity to the FROM-GLC results. In addition, GUL did not capture the built-up areas in sites 3 and 4. The use of the PII and VIIRS nighttime lights data to extract built-up areas in these six sites thus produced unsatisfying results. The PII extracted excessive built-up areas in Sites 1-4 and failed to identify the built-up areas in Sites 5 and 6. Meanwhile, the built-up areas extracted by using only VIIRS nighttime lights data greatly exceeded the actual built-up area in all six sites. Lastly, we compared the areas extracted by our method with the areas in the reference data to further verify the accuracy of the built-up area extraction (Figure 7) . We divided the four study areas using 3 × 3 km grids and calculated the built-up areas in each grid; the maximum size of the built-up areas in each grid was 9 km 2 . If the fit line was closer to the 1:1 line or had a stronger R 2 correlation, it indicated that the extracted built-up areas were more accurate. The results showed that the R 2 correlations in all four study areas were greater than 0.9 when using our method. The slope of Study Area 2 (Ankara) and 3 (Madrid) slightly deviated from the 1:1 line. This is consistent with the accuracy assessment in Figure 5 , in which accuracy levels for these two study areas were slightly lower than those for Study Areas 1 (Paris) and 4 (Lisbon). In addition, we found that the slope of the line of best fit for most built-up area products was lower than the 1:1 line ( Figures S2-S5) . This difference indicates that some existing built-up area products overestimated the actual built-up areas, which corroborates findings from previous studies [15, 19] . 
Discussion
The use of training samples and adaptive thresholds ensures our method's high efficiency. To verify the quality of the built-up area training samples that we chose, we randomly selected six built-up area training sample sites from each study area. A comparison with Google Earth high-resolution imagery shows that the built-up training samples of our method not only had a diverse distribution, which contained urban and rural areas, but also accurately removed interference from other land cover types, particularly rivers and green spaces like parks in urban areas (Figure 8 ). Obtaining quality built-up training samples also depends on adaptive thresholding. Helpful in this regard, the Otsu algorithm, which we employ, can automatically segment and obtain accurate water and vegetation masks. The optimal thresholds were mostly located at the bottom of the two peaks in the histograms (Figure 9 ), which ensured the accuracy of the built-up training samples. 
Conclusions
In this study, we combined VIIRS nighttime lights data and Landsat-8 multispectral imagery and developed a new method for built-up area extraction. Using adaptive thresholding, we acquired high-quality training samples automatically based on the VIIRS data and water and vegetation masks generated by Landsat-8 imagery. Next, we used the training samples to classify Landsat-8 imagery in order to obtain preliminary results for built-up areas. Lastly, we automatically derived and then superimposed built-up target areas onto the built-up area preliminary results, leading to the refinement of our built-up area classification results. Ultimately, our method significantly improved the extraction efficiency of built-up area. Our method had an overall accuracy exceeding 94.7% compared to the HRL IMD 2015 reference data. This represents a significant improvement over the FROM-GLC and GUL built-up area products, which required extensive and time-consuming manual post-processing.
Our approach still contains some limitations. For example, both VIIRS nighttime lights and Landat-8 imagery are limited by cloudiness, which is a challenge when applying our method globally, especially in tropic areas. However, considering that built-up areas do not change very rapidly, we can find some suitable cloudless nighttime lights and Landsat-8 data within 1 year to identify built-up areas. Additionally, the built-up target areas used in this study omitted certain road networks, resulting in an underestimation of built-up areas. This issue relates to the relatively low spatial resolution of VIIRS nighttime data, in which road networks appear as simply 1 pixel. In future efforts to improve built-up area extraction methods, it may be useful to consider using nighttime lights data with higher spatial resolution. One possibility is the 130-m resolution imagery from Luojia-1, a CubeSat-sized Earth observing satellite launched by China in mid-2018, which can detect lights across a higher dynamic range and with finer spatial details than VIIRS [65] .
By experimenting with the built-up area extraction results in four study areas, our method takes full advantage of VIIRS nighttime lights and Landsat-8 multispectral imagery to efficiently extract built-up areas with high accuracy. The results eliminated the interference from non-built-up areas, particularly bare land. Our method's major advantage is that it automatically selects training samples and determines adaptive thresholds according to the distribution of built-up areas in different regions. Compared to existing methods, this approach greatly improves the efficiency and accuracy of built-up area extraction. This methodological advance promises significant benefits for further global thematic mapping and dynamic change monitoring of built-up areas. Innovations such as these, which allow refined analysis of the spatial and temporal dynamics of the expansion of the built environment and its consequences for nature and society, are critical as the planet continues to urbanize and develop.
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